Climate forecasting services:. coming down from the Ivory tower
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Subseasonal-to-seasonal (S2S) climate forecasts are able to provide added
value across a range of application areas (energy, water management, agriculture,
health, insurance) through tailored climate services. This contribution highlights the
value of services through several examples of their application in the energy, (re-)
Insurance and agriculture sectors.

From climate data to climate information:

Applied research in climate services makes use of observational datasets to provide
the assessment of uncertainty through innovative methods (e.g. [1]) that provide novel
ways to use gridded observations (e.g. [2]) or state-of-the-art reanalyses (e.g. [3]).

Seasonal prediction for wind energy

The aim of climate services is to create tailored climate information using a
multidisciplinary approach. For instance, Project Ukko (http://project-ukko.net) is
an on-line tool (or User Interface Platform) that has been developed in close
collaboration with data visualization specialists and designers to provide seasonal
wind speed predictions. The map in Figure 3 is an example of the standard scientific
way of providing seasonal predictions but, collaborating with other disciplines, it is also
possible to find alternative and more intuitive ways of providing climate information.
This tool has been created as part of the prototype developed within the EUPORIAS
project but our services group is also developing visualization tools for the Copernicus
project Clim4Energy or the H2020 project PRIMAVERA.
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Seasonal prediction for agriculture

Concurrent drought-heatwave events strongly impact ecosystems and human
societies. The European summer of 2003 is a good example of this, with unusually
Intense heatwaves and concurrent drought conditions leading to extensive
agricultural losses. Figure 5 shows that the regions where drought is predicted with
high probability are consistent with the observed droughts.

a) Standardized index b)  Drought condition

Exceptional drought

Extreme drought

Severe drought

Moderate drought Fig 5: Observed 6-month SPEI for August 2003: a) SPEI6

Abnormally dry values and b) observed drought conditions. Predicted SPEI6
for August 2003 with the start date of May: c) S4 ensemble

Observed

mean; d) S4 probability for moderate drought occurrence
1 (SPEI<0.8); e) ESP ensemble mean and f) ESP probability
0.8 for moderate drought occurrence.
SPEI: Standardized Precipitation Evapotranspiration Index,
based on the simultaneous use of precipitation and
temperature data (see http://sac.csic.es/spei/ for more
details). S4: ECMWF System 4; ESP: Ensemble Streamflow
Prediction, a baseline empirical method that relies on
resampled historical data to generate an ensemble of
possible future climate outlooks. Both methods merge
observation of precipitation and temperature with the
seasonal forecasts of those variables to predict drought
indicator. Source: Turco et al. (in preparation)
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There Is also a large number of operational dynamical S2S forecast systems
developed in the framework of EUROSIP [4], SPECS project, the North American
Multi-Model Ensemble (NMME [5]) or experimental forecast systems developed at the
Barcelona Supercomputing Center (BSC; e.g. [6]).

Climate services should make climate information available but also easier to use by
providing software tools, such as open-source R packages for statistical analysis
and data mining in climatology. For instance, s2dverification is a tool developed and
maintained by the BSC that facilitates seasonal to decadal data verification.

Most of this is possible thanks to high-performance computing (HPC) systems. BSC
hosts a range of HPC systems including MareNostrum Ill, one of the most powerful
supercomputers in Europe with 48,128 cores and 1.1 Pflops capacity.
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Seasonal prediction for the (re-)insurance sector

From climate information to climate knowledge: Tropical cyclones rate as the primary meteorological phenomena in the context of
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Climate services aim to — T — causing destruction and economic losses. As such, forecasting the upcoming level of

Fig 3: Wind speed seasonal prediction. Coloured areas show the most likely
wind speed category (below normal, normal and above normal) and its
percentage probability to occur. These categories show where the model improve
upon the current approach using the climatology. White areas show where the

hurricane activity iIs a prime concern for the (re-)insurance sector. The BSC has
about partnered with the Colorado State University and XL Catlin to offer a platform offering
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Fig 2: This figure shows the areas where the skill of forecasts of extreme — — - 1 -
temperature is higher or lower than forecasts of the seasonal average. Differences W Ao BW B zbe ote e e
are only shown for regions where either the correlation for the seasonal mean

temperature or the temperature extreme of interest are statistically significant, while

black dots indicate areas where the difference between correlations is statistically

significant. Correlations are calculated over the period 1979-2005 for the JJA (left)

and DJF (right). Source: [7].
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